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ABSTRACT
Previous studies investigating task based search often take the form
of lab studies or large scale log analysis. In lab studies, users
typically perform a designed task under a controlled environment,
which may not reflect their natural behaviour. While log analy-
sis allows the observation of users’ natural search behaviour, often
strong assumptions need to be made in order to associate the unob-
served underlying user tasks with log signals.
We describe a field study during which we log participants’ daily
search and browsing activities for 5 days, and users are asked to
self-annotate their search logs with the tasks they conducted as well
as to describe the task characteristics according to a conceptual task
classification scheme. This provides us with a more realistic and
comprehensive view on how user tasks are associated with logged
interactions than seen in previous log- or lab-based studies; and
allows us to explore the complex interactions between task charac-
teristics and their presence in naturalistic tasks which has not been
studied previously.
We find a higher number of queries, longer timespan, as well
as more task switches than reported in previous log based stud-
ies; and 41% of our tasks are zero-query tasks implying that large
amounts of user task activities remain unobserved when only fo-
cused on query logs. Further, tasks sharing similar descriptions can
vary greatly in their characteristics, suggesting that when support-
ing users with their tasks, it is important to know not only the task
they are engaged with but also the context of the user in the task.
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1. INTRODUCTION
Users of search systems often have a specific task in mind, rang-
ing from simple fact look-up to complex quests, e.g., organising a
wedding. User interactions with systems during tasks are recorded
in logs, however, logs do not typically capture information about
which interactions belong to which tasks; nor the specific charac-
teristics, e.g., difficulty, of a task. Therefore little is known about
when users start, stop, switch, or resume tasks, and in order for
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systems to better support users’ information seeking processes in
a task-aware manner, it is necessary to understand the relation be-
tween task characteristics, how they affect users’ behaviour, and
how this is reflected in logs.
Tasks in search have received increasing attention as a factor af-
fecting user search behavior and satisfaction [15]. Early work in
task-based search has focused on conceptualising tasks in the con-
text of information seeking [5, 6, 15, 29] and characterising tasks
along several dimensions [22]. The resulting conceptual models
and classifications of tasks have provided a theoretical framework
for the discussion of tasks and task characteristics.
To study specific characteristics (aspects) of tasks, lab user stud-
ies observe user behaviour during artificial tasks in a controlled
setting. Analyses of interaction logs combined with interviews,
questionnaires, or think aloud observations have provided rich con-
textual information about the relation between users’ behavior and
specific task characteristics. However, findings are limited to the
tasks designed by the experimenters and the time spent in the lab,
which may not necessarily reflect users’ natural behaviour. Alter-
natively, field studies observe user behavior when engaging with
tasks in a naturalistic setting [17]. However, these studies often
focus on a single type of task, e.g. a course project [4].
Finally, large scale log analysis allows observing and identifying
activity patterns of users naturally engaging in tasks at scale. How-
ever, the actual tasks users engage in are unobserved and strong as-
sumptions need to be made by the analyst to associate tasks and log
signals. Further, current log-based studies are typically focused on
the level of “search tasks”, e.g., by defining user tasks as topically
coherent query sequences [13, 16, 21, 24]; few studies go beyond
search tasks to consider tasks at a level of information seeking tasks
(e.g., [2]) or work tasks [5].
In this study, we combine the log analysis and field study ap-
proaches to gain insights in the relation between users’ searching
and browsing behaviour and their tasks in a naturalistic setting.
With user consent, we install a browser plug-in on participants’
computer and record their daily searching and browsing activities
for 5 days. Each day users are asked to annotate their own logs with
the tasks they engaged in. This results in a data set that provides a
more accurate view on how user tasks are associated with interac-
tions recorded in search logs than seen in previous studies. By fur-
ther asking participants to characterise their tasks according to the
conceptual classification scheme of task facets and attributes [22],
we obtain a holistic view of the relation between user tasks and
task characteristics that was previously not possible due to the lim-
itations of both in-lab user studies and log analysis.
We relate and contrast our results to some of the assumptions
and observations made in previous log based studies on short term
tasks, seeking answers to the research question (Section 4):
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RQ1 From a user annotated search log with records of rich types
of interactions, do we observe similar statistics of task ses-
sions as those observed from an expert annotated “query-
only” log?
Further, by performing an exploratory analysis of the interactions
between a wide range of task characteristics and their presence in
users’ naturalistic tasks, we discuss (in Section 5)
RQ2 How do task characteristics relate to each other? and how do
these characteristics co-occur within actual Web user tasks?
Our contributions are as follows. In terms of methodology, we
contribute an alternative approach to study the tasks underlying
users’ daily online activities, enabling insights that were not possi-
ble before. With this approach, (i) we add to the existing log-based
studies with new insights obtained with logs that contain rich types
of interactions and accurate task annotations; and (ii) we add to the
existing results of in-lab/field studies by analysing a comprehen-
sive set of task characteristics not limited to specific task designs
and characteristics. Further, we discuss the implications of these
results for future log based studies and in-lab experiment designs.
2. RELATEDWORK
Recent studies on task-based information retrieval generally fall
into three categories: lab user studies, large scale log analyses, and
field studies. Below, we review and discuss findings from work
within each category as well as how these relate to our work.
Lab studies. Lab user studies provide experimenters with control
over the experimental setting and have often been employed to gain
a better understanding of how different task characteristics affect
users’ information seeking behaviours. In these studies users typi-
cally perform tasks that are carefully designed by the experimenter
so that the tasks carry the characteristics of interest. For example,
Liu et al. [23] studied the associations between measures of user
search behaviours with task characteristics along four dimensions:
task complexity, product, goals, and levels. In a journalism sce-
nario, four search tasks were designed to reflect varying conditions
in these dimensions.
Task complexity is a frequently studied dimension. In a study of
factual information finding tasks with varying complexity, Gwiz-
dka and Spence [12] found that task difficulty is correlated with
the number of unique pages visited, time spent on each page, de-
viation from the optimal path, and the linearity of the navigation
path. Task complexity was found to affect the relative importance
of these factors, and to affect user perceived task difficulty.
Based on education theory Kelly et al. [19] proposed a frame-
work for the design of tasks with varying levels of cognitive com-
plexity to support design and evaluation of IIR experiments. By
examing behavioural and self-reported user data from a lab study,
they found that cognitively more complex tasks require significantly
more search activity from participants, but participants do not per-
ceive cognitive complex tasks as more difficult, and were satisfied
with their performance across tasks.
In a large scale user study of struggling behaviour during search,
Aula et al. [1] found that users tend to formulate more diverse
queries, use more advanced operators and spend longer time on
the search result pages as compared to the successful tasks.
While carefully designed tasks performed in a lab setting allows
testing specific hypotheses under controlled conditions, it also lim-
its the generalizability of the findings towards users’ search be-
haviour in a naturalistic setting. For example, it is difficult to ob-
serve interactions between tasks such as the multi-tasking behaviour
of users, which are prevalent in online search [13, 20, 24, 28] or
tasks that take longer than a typical lab study session. Moreover,
while it is possible to control a particular aspect of the designed
tasks, it is almost impossible to control multiple task characteristics
simultaneously and design their ways of interactions that naturally
occur in reality. In our study we monitor users remotely and we do
not ask users to engage in specific tasks in order to observe users’
natural search behavior.
Large scale log analysis. As an alternative to lab user studies,
analyses of large scale search logs—typically containing user search
queries and activities on the search result page—allow making ob-
servations of users’ natural search behaviour.
One of the first challenges here is the identification of the user
tasks from the search logs. Jones and Klinkner [16] argued that tra-
ditional time-out based search session segmentation is not sufficient
as a criterion for identifying sessions of user tasks. Based on anno-
tations from external assessors1 classifiers were trained to identify
task (mission) boundaries between consecutive query pairs.
A number of studies have focussed on improving the recall in
task identification by tackling semantic relations between queries,
task interleaving, and session boundary detection. Lucchese et al.
[24] studied two unsupervised methods to identify task sessions
from query logs: a time-based thresholding heuristic method, and
a clustering based method. Similar to [24], Li et al. [21] proposed
an algorithm that combines topic models with Hawkes processes
to identify search tasks from query logs, based on the assumption
that queries belonging to the same tasks are temporally close and
topically coherent. Hagen et al. [13] proposed a 2-stage method that
identifies search missions from query logs in 6 steps. Unlike [24]
which focused on identifying task sessions, this study considers
interleaved task sessions that belong to the same mission. To verify
the algorithms, a sample of query logs from a commercial search
system were annotated by external annotators [13, 24].
In a different setup, Kotov et al. [20] proposed a classification
based method to (1) identify related queries from previous sessions
for a given query, and (2) to predict whether a user will return to the
same task in the future for a given multi-query task. User searching
and browsing episodes were recorded with a browser plug-in. For
ground-truth collection, automatic labelling of search tasks was fol-
lowed by a manual correction process. In a related study, Awadal-
lah et al. [2] proposed a method to mine search tasks from search
logs. An association graph was constructed to connect multiple
tasks and used to recommend a set of interesting and diverse tasks
to support searchers during complex search tasks.
Although significant advances have been made in terms of task
detection in logs, a limitation of this type of work is that external
annotators need to create ground truth data to allow training and
evaluation. Further, often strong assumptions are made in order
to select a subset of data, e.g., sessions with a certain length [25]
or users that visited a particular site [9], for annotators to process.
However, Russell et al. [26] noted in a study where self-labelled
task sessions were compared to labels provided by external anno-
tators: “the most accurate labelling of search task session data is
done by the searchers themselves, and that it is very difficult for
an external observer or automatic classifier to infer where the task
boundaries are or what the actual user task goal is.”
Mechanical Turk has been proposed as a middle ground between
log and lab studies [32]. However, existing crowdsourcing plat-
forms do not overcome the limitations of experimenters designing
tasks for workers and imposing time (or monetary) constraints on
performing tasks, making such a set up unsuitable for our purposes.
1We refer to annotators or assessors other than the user him/herself
as “external” annotators.
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In our study we ask participants to annotate their own search logs
in order to obtain both naturalistic observations of search behaviour
as well as accurate task labels associated with the behaviour.
Field studies. In addition to lab studies and log analysis, field or
longitudinal studies are another approach often employed in inves-
tigating user information seeking behaviour. These studies typi-
cally focus on a specific task in a particular setting. For instance,
the change of user search terms and tactics during the writing of a
research proposal [30], or users’ use and preferences of different
search interfaces [4] and query reformulation patterns [14] during
a study course.
In a longitudinal study of users’ online information seeking be-
haviour, Kelly and Belkin [18] found that document display times
differ significantly according to specific tasks and specific users.
A following up study concludes that tailoring display time thresh-
olds based on task information improves implicit relevance feed-
back [31]. Greifeneder [11] studied effect of distraction on users’
task completion behaviours in a naturalistic environment and made
observations contradictory to previous findings from in-lab stud-
ies. In the mobile context, Church et al. [7] conducted a large scale
study over a three month period, aimed at a comprehensive under-
standing of people’s daily information needs, and how these needs
are addressed and influenced by contextual, techonological, and de-
mograhpical factors.
In a study closely related to ours [17], the Web usage activities
of 21 participants were logged, and participants were asked to cat-
egorise their Web usage into 5 categories: fact finding, information
gathering, browsing, and transactions. Analyses show that user be-
haviour differs between task types in terms of measures such as
dwell time, number of pages viewed, and user browser activities.
We take a similar field study and diary based approach. The
differences being: (1) instead of categorising tasks into 5 general
types, we study task characteristics in greater detail by following
the faceted task categorisation scheme introduced by Li and Belkin
[22]; (2) while Kellar et al. [17] has focused on users’ Web usage
activities, we focus on users’ search and browsing behaviour during
information seeking tasks and relate our findings to some of the
recent lab and log studies discussed above.
Theoretical perspectives. Apart from empirical studies, a large
body of work in information studies addresses task-based informa-
tion seeking from a theoretical perspective. These studies provide
various alternative frameworks for the characterisation of different
types of search and work tasks.
Different perspectives of tasks and consideration of different lev-
els of task granularity have led to different definitions of tasks [5,
15, 29]. Byström and Hansen [5] suggest that tasks can be studied
at three levels: work tasks, information seeking tasks, and infor-
mation search tasks, with the latter being sub-tasks of the former.
In the context of this study, the user tasks we investigate can be
seen as somewhere in between the level of work tasks and infor-
mation seeking tasks, which may be further divided into smaller
information search tasks, e.g., through searching in different types
of information, subject topics, and sources.
Other theoretical frameworks categorise tasks based on charac-
teristics. Li and Belkin [22] reviewed and compared several task
categorisation schemes, and proposed a faceted task classification
framework, which applies to work tasks as well as search tasks. In
this study, we follow this classification scheme for the purpose of
characterising the user tasks identified from the user logs.
In addition, log-based studies often have their own working def-
initions regarding task and task search sessions, making a direct
comparison of their observations difficult. We therefore conduct a
conceptual comparison of these different concepts from three rep-
resentative studies [13, 16, 24] (Section 4), based on which we dis-
cuss and contrast our observations to those reported previously.
3. USER STUDY
3.1 Study procedure
The study consisted of three stages as detailed below.
Introduction session (30 min). In this session, participants were
invited to the lab brining in their own laptops. We explained the
procedure of the study and installed the logger on the participant’s
laptop. The participant was asked to fill in a pre-questionnaire to
collect demographic information. A training session was then pro-
vided to familiarise participants with the logging software and the
annotation tool used to annotate their logs with task labels.
Diary study (5 days). After the introduction session, participants
were told to go home and use their computers as usual. Meanwhile,
the logger automatically recorded their online searching and brows-
ing activities. By the end of each day, the participants were asked
to review their logs in order to: (1) remove any log entries that they
did not wish to share, and (2) to associate each search/browsing
event with the task they were engaged in. Allowing participants to
review the information that is being shared improves a bond of trust
between experimenter and participant and improves the chances of
participants completing the study [27]. Participants could review
and annotate their logs at any time during the experiment period.
Kellar et al. [17] found in their field study that there is equal user
preference between real time and delayed annotation.
De-brief session (30 min). After 5 days, participants were invited
back to the lab for a debrief session. In this session, participants
were asked to select 5 to 10 tasks of their choice, and to describe
the characteristics of these tasks by filling in a post questionnaire.
3.2 The logger
We log both search and browsing activities of the participants. To
this end, we developed a Chrome extension that records events
triggered by browser operations, and information attached to these
events such as user input. Four types of events are recorded (see
below), each associated with a timestamp, a URL, and a tab ID.
Participants can submit a blacklist of URLs or URL prefixes to pre-
vent events with matching URLs to be recorded.
Search events. In terms of search events, we recorded participants’
activities with three major search engines: Google, Bing, and Ya-
hoo. Related information includes: the query issued, the type of
vertical (e.g. image, news, etc.), and the engine used. We con-
sider the events triggered by issuing a query or switching between
verticals as an individual “search event”. Of course, users can per-
form search in other sites such as in an organisation’s intranet or
dedicated domain like Amazon. However, it is not always possi-
ble to recognise search events from each of those sites due to their
diverse interface designs. Therefore, in this study we focused on
Web search activities, with the belief that the majority happen with
the three major Web search engines.
Link click events. We identify two types of link clicks: clicks on a
result in a SERP, and clicks on a regular page leading to an external
or internal target page. Information related to click events includes
the clicked anchor text and the linked target page URL.
Tab events. We also record user operations on tabs, including:
open-a-new-tab, close-a-tab, switch-to-a-tab, open-a-link-in-new-
tab, as well as the tab-loading status. This information helps us to
determine for example whether a user has “viewed” a page or the
dwell time a user has been on a page. For instance sometimes users
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Task characteristics Description Values
Frequency (FQ) How frequent would you say the following task have occurred? (Not (1) One-time task—Routine tasks (5)
limited to the experiment period, think about e.g. in the last year).
Length (TL) How quickly do you think the following task can be finished? (1) Very quick (< 1 day)—long term (≥ 1 month) (5)
Stage (STG) To what extend did you manage to complete the task so far? (1) Just started—(Almost) finished (5)
Cognitive level (CL) Different tasks involve cognitive activities of different levels of (1) Remember; (2) Understand; (3) Apply; (4) Analyse;
complexity. At which level would you rate the activities involved (5) Evaluate; (6) Create. (For each option, we provided
to complete the following task? explanations following [19]).
Collaboration (COL) To what extend would you say you were responsible for the task? (1) Solely responsible—Collaborates with many people (5)
Importance (IMP) How would you rate the importance of the task? (1) Unimportant—Extremely important (5)
Urgency (UR) How would you rate the urgency of the task? (1) Not urgent—Extremely urgent (5)
Difficulty (DIF) How do you feel about the difficulty of the task? (e.g. difficult to find (1) Easy—Extremely difficult (5)
relevant information, or requires great effort in thinking/understanding).
Complexity (COM) How do you feel about the complexity of the task? (e.g. it may (1) Simple—Extremely complex (5)
involve many steps or subtasks in order to complete the task).
Knowledge of topic (KT) How would you rate your knowledge on the topic of the task? (1) No knowledge—Highly knowledgeable (5)
Knowledge of How would you rate your knowledge on the procedure to complete (1) No knowledge—Highly knowledgeable (5)
procedure (KP) the task?
Satisfaction (SAT) Were you satisfied with the process of information seeking activities (1) Unsatisfied, unable to find the information needed—Very
for completing the task? satisfied, could find needed information easily (5)
Table 1: The characteristics of user tasks enquired in the post-questionnaire.
open links in new tabs, but stay on the original page and would not
see the content of the linked page.
Navigation events. Navigation events contain information about
how users arrive at a page, e.g. via link, via direct URL input, by
form submission, or by forward/backward navigation. We keep this
information to enrich the context of the rest of the logged events.
For instance, it allows us to observe how much time the user has
spent on a page based on the switches between different tabs.
3.3 Log review and task annotation
Annotation tool. To facilitate the diary study, we developed an
online annotation tool. Figure 1 shows the annotation interface.
Participants review their log entries in the log review panel (1)
and remove any items that they would not like to be recorded. In
order to improve the readability of the log, only two types of events
are shown to the participants: search queries and visited pages.
Once a query or page visit is marked to be removed, related events
with the same URL and tab ID are also removed from the log.
To annotate log entries with tasks, participants first need to enter
a list of tasks in the task editing area (2), which works like a to-
do list. The tasks entered by participants show up automatically as
candidate labels under each log entry. Participants can then indicate
the task that is associated with a given log entry by clicking the
corresponding label. Participants can edit the task list before or
during the annotation process.
To speed up the annotation process, participants can use the batch
operation toolbar (3) to search and filter entries, and to batch re-
Figure 1: Annotation tool for diary study: (1) log review; (2) task
list; (3) batch annotation tool bar; (4) progress bar. Items in task
list and candidate task labels are blurred out for privacy reasons.
move and label selected entries. With batch operations it typically
takes about 15 to 30 minutes for a participant to annotate a one-
day log. Participants can review their annotation progress in the
progress bar by selecting the corresponding date (4).
Annotation instructions. To encourage participants to think of the
notion of “tasks” at a level comparable to that are typically con-
sidered in the literature, in the introduction session we asked the
participants to think of 3 to 5 tasks they plan to conduct, or have
been recently engaged with and will continue to conduct in the next
few days; we further gave example tasks such as “planning a vaca-
tion”, “write a report”.
On the other hand, not all search/browsing activities can be cat-
egorised to a specific named task. Apart from participant speci-
fied tasks, we also provide pre-defined task labels for typical online
activities not always considered as a work task or search task, in-
cluding: Emailing (001), Social networking (002), Entertainment
(003), and News update (004), as well as a "Not sure" label (000)
in case participants do not remember what they were doing.
3.4 Task characteristics
Questionnaire. The classification scheme by Li and Belkin [22]
provides us with a rather comprehensive list of both objective and
subjective properties that can be used to characterise an information
task. Following this scheme, we translated the identified facets and
attributes of tasks into a post-questionnaire.
In order to reduce participants’ effort both in understanding and
in making answers, we made the following adaptations to this clas-
sification scheme: (1) We excluded attributes that can be derived
from the log directly, e.g. whether a task contains multiple sub-
tasks/goals. (2) After pilot testing we excluded questions that par-
ticipants feel difficult to interpret and answer. In particular, we re-
placed the “product” facet and the “objective complexity” attribute
from Li and Belkin [22]’s scheme by the 6-level cognitive task
complexity framework proposed by Kelly et al. [19], as this frame-
work provides clear instructions for participants to categorise the
cognitive activities involved for a task. Also, the outcome of these
cognitive activities resembles the task outcomes described by the
“product” facet, but with more consistent categories. In total we
derived 12 questions (see Table 1).
Participant instructions. Participants were asked to rate their an-
swers or perceptions of these characteristics on a 1-5 point Likert
style item (1 - 6 levels in the case of rating the cognitive complexity
levels). In all cases, the ratings can be treated as ordinal variables.
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To limit participants’ effort, they are asked to select 5 - 10 tasks of
their choice and only answer questions for these selected tasks.
According to Li and Belkin [22], the first 5 characteristics (FQ—
COL) are objective, while the latter 7 (IMP—SAT) are subjective.
In order to help participants to answer these objective questions in
a comparable manner, we provided detailed definitions for the op-
tions (see Table 1), and provided further explanation when needed.
3.5 Data obtained
We recruited participants by distributing flyers on the university
campus. Participants volunteered to take part in the study and were
told that they are free to quit at any moment. Each participant was
paid an Amazon voucher worth 20 pounds for participating.
A total of 23 participants completed the study, including 13 males
and 10 females; and 11 are between 18 - 24 years old, and 12 are
between 25 - 34 years old. Participants also self-rated their expe-
rience of using search engines on a 1-5 scale (median = 5, IQR =
1.0). In addition, as people often use multiple devices, it is likely
that what we observe during the study is only a sample of users’
actual information seeking activities if participants spend most of
their time searching on other devices such as mobiles. Among the
23 participants, 18 (78 %) indicated that they always or mostly
search with their laptop computer, while 5 (22 %) indicated that
about half of their search happens with mobiles/tablets.
There are 289 user defined tasks, i.e., which excludes tasks that
were annotated with general labels such as “emailing” as defined
in Section 3.3. Among those 17 have subtasks. Further, 135 tasks
were selected by participants to provide characteristics using the
post-questionnaire. In total, 2566 queries and 32, 902 page visits
were annotated, where 1768 queries and 17, 313 page visits were
annotated with user defined tasks.
4. USER TASK ACTIVITIES IN LOGS
A key differences between our study and previous studies on
search log analysis of user tasks is that, we analyse a log that con-
tains rich types of user activities annotated by task doers, as com-
pared to a query-only log annotated by experimenters. In this sec-
tion we investigate whether, and if so how, tasks annotated by users
themselves leads to new observations in the scope of tasks and ob-
served statistics in log analysis (Q1).
We chose three studies for this investigation, namely Jones and
Klinkner [16], Lucchese et al. [24], and Hagen et al. [13], for the
following reasons. (i) All studies describe tasks in terms of search
sessions, and reported a number of common measures to charac-
terise user task behaviours. (ii) They all used human external asses-
sors to annotate tasks in search logs—in particular, [16] attempted
to recreate the user experience for the external annotators. Both
factors make these studies more comparable among each other, as
compared to, e.g. studies using alternative annotation methods.
We start with a conceptual exploration of the notion “task” as
defined in these studies, followed by an empirical comparison of
the observations made from these studies. On the one hand, this
helps position our work in the literature and provides context for
our findings, as in, to which extend our “tasks” correspond to the
tasks discussed in previous studies. On the other hand, this pro-
vides implications for reading the conclusions drawn from previous
studies as well as the hypotheses considered and assumptions made
when training and validating various task identification algorithms.
4.1 Task & sessions: a conceptual exploration
Each of the studies defined a set of concepts to operationalize
user tasks in terms of various types of search session. While these
concepts share similarity across studies, different terminology has
Concepts Physical session Logical session (Complex) task
Definition All user queries or Consecutive queries A set of related
activities within belonging to the information needs
a time window. same task [13]. span over one or
more logical sessions.
Terminology
Jones [16] session goal mission
Lucchese [24] time-gap session task session –
Hagen [13] physical session logical session mission
Ours physical session logical/subtask task
Table 2: A mapping between concepts as used in the literature.
been used. (Explained below.) In Table 2 we attempt to provide a
loose mapping between the concepts defined in different studies.
Physical session. Physical sessions are typically defined by a time-
out threshold on user inactivities. For instance [24] set a threshold
of 26 minutes and [13] set a threshold of 90 minutes on time-gaps
between queries, with the assumption that users are likely to switch
tasks after a long pause. Like [13], we take a conservative threshold
of 90 minutes as threshold to determine physical sessions, simply
assuming that users have left the session (to do something else)
after such a long inactivity.
Logical session. Although named differently, in all three studies,
a logical session consists of queries related to a same information
need. However, each study has a slightly different version of this
concept. In [13] it consists of consecutive queries, and in [24] non-
consecutive queries, within a physical session. The related concept
“goal” in [16], however, consists of queries that are neither consec-
utive nor within the same physical session. In our study, we refer
“logical session” to consecutive queries related to the same task
within a physical session (cf. [13]). The notion of “goal” in [16]
is similar to our notion of “subtask”. However, our “subtask” does
not necessarily represent an atomic information need [16], as it can
still be a complex information need. For example, one of our par-
ticipants wrote “plan vacation trip Christmas” as the main task, and
“find out how to go from Denmark to Norway” as one of the sub-
tasks, which is a rather open question.
(Complex) task. This concept corresponds to the notion of “mis-
sion” in both [16] and [13], and we simply refer to it as “task”. It
does not correspond to a concept in [24], as the “task-session” de-
fined in [24] does not go beyond a physical session. In practice, we
see that while physical sessions do not always represent units of
user tasks, both logical sessions and subtasks (or goals as defined
in [16]) are units that constitute a complex task. While logical ses-
sions can be directly observed from a user annotated log, in our
study very few participants actually decided to detail the subtasks
(only 17 out of 289 tasks have subtasks specified).
4.2 Task and sessions: empirical analysis
When analysing user task behaviour in search logs, all three stud-
ies reported the following measures: the number of queries issued
and the timespan over task sessions, as well as the relation between
physical sessions and user tasks. In this section, we report analyses
over the same set of variables and seek to answer RQ1.
4.2.1 Task session statistics
We measure the number of queries issued and the timespan at
two levels, namely the logical session level and the task level. We
filter out logical sessions that have a duration of 0 seconds (e.g. the
user closed a tab related to a task when working on another task)
as in such cases the user was not really working on the related task.
We compute a task session as the collection of all logical sessions
with the label of that task. Table 3 lists the result of these measures,
as compared to those reported in the previous studies.
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Dataset per Logical sessions per Tasks
# queries timespan # queries timespan
Jones [16] – – 2 (md) 38 secs (md)
Lucchese [24] 2.57 (m) – – –
Hagen [13] – – 6.42(m) –
Ours (all) 0 (md) 12.9 secs (md) 1 (md) 10.5 mins (md)
0.28 (m) 112 secs (m) 6.79 (m) 44.8 mins (m)
Ours (queries) 1 (md) 19.3 secs (md) 4 (md) 15.7 mins (md)
1.66 (m) 134 secs (m) 11.5 (m) 57.9 mins(m)
Table 3: A comparative view of user task behaviour at the level of
logical sessions and tasks. (md) refers to median, and (m) refers
to mean. Ours (queries) refers to statistics computed over our data
excluding zero-query sessions/tasks.
Number of queries. One immediate observation from Table 3 is
that our median number of queries per logical session is 0. Indeed,
a further examination shows that 82% of the logical sessions, and
41% of the user tasks, do not contain query requests. Unlike our
annotation which includes user activities other than query requests,
analysis of the three previous studies are based on query logs, hence
the effect of zero-query sessions would not have been observed.
Looking at logical sessions and tasks that do contain query re-
quests, we see that in terms of logical sessions, the average number
of queries (1.66) is lower than that of the task sessions reported
in [24] (2.57). In terms of tasks, the median (4) and mean (11.5)
number of queries per task are relatively high compared to those
reported previously (median 2 [16] and mean 6.42 [13]). This im-
plies that users may do more task switching than one would think,
i.e. a task may contain many logical sessions (meaning tasks are
being interrupted a lot) while each session contains few queries.
Timespan. We compute the timespan of a task as the sum of the
duration of all logical sessions of this task. While there is no report
on timespan of logical sessions for a direct comparison, we see that
at task level, our observed task duration is much higher than what
was reported previously (38 secs [16]). In fact, the task (mission)
duration reported by Jones and Klinkner [16] is more comparable
to the timespan of our logical sessions.
That our data show both more queries and longer timespan at
the task level may be due to two reasons: (1) we have observations
over a longer period (5 days), compared to 3 days reported in [16];
and (2) our data contains more than just querying activities, which
contributes to the accumulated observed time spent on a task.
Task revisits. A common observation among the three studies
is that, tasks (or goals and missions) are interleaved. Jones and
Klinkner [16] reported 17% of the missions were revisited, and Ha-
gen et al. [13] reported each task contains 2.09 logical sessions on
average. In our data, we see that on average each task contains 23.9
logical sessions (median of 8.0), and among those 86% have more
than one logical session (i.e. task was interrupted and revisited).
Part of the difference in observation is due to the fact that our data
contains task activities other than query events. If we only consider
logical sessions with queries—as with a query log, we see that on
average a task contains 6.9 logical sessions (median of 2.0), and
about 68% of them were interrupted and revisited.
4.2.2 Physical sessions and task boundaries
When analysing physical sessions in relation to tasks, the main
focus of the previous studies were whether a time-out threshold on
gaps between user queries would signify switches of user tasks.
Using the concepts discussed previously, it is equivalent to exam-
ine how well physical sessions (i.e. time-out based segmentation of
logs) matches the logical sessions (i.e. task annotation based seg-
mentation of logs). Although all studies have shown that applying
(a) Query based task boundaries (b) Event based task boundaries
Figure 2: Precision (blue solid line) and Recall (red dashed line) of
time-out based task boundary identification.
a diverse set of features and learning algorithms can significantly
improve the boundary detection accuracy, time-out remains an im-
portant feature, e.g. it alone achieves a F1-score of 0.65 [16].
Following [16], we create physical sessions by applying varying
time-out thresholds on time gaps between user queries, and inspect
the precision and recall of each threshold in correctly identifying
task boundaries. In terms of ground truth of task boundaries, previ-
ous studies were all focused on logical sessions that purely consist
of queries. However, we have already seen that users switch tasks
in between queries. We therefore also compare the segmentation
results to event-based logical sessions that include queries as well
as other user activities.
To compute precision and recall, we need to determine when a
task boundary is correctly identified. When comparing against a
query-based ground truth, we consider a boundary between two
consecutive queries correct if the two queries belong to two differ-
ent tasks. However, when computing recall using the event-based
ground truth, we do not require an exact match of task boundaries.
For example in an event sequence q1, e1, ...ei, q2, it may happen
that the time-out threshold identifies that q1 and q2 are task bound-
aries, while the actual task switch happens at event e ∈ e1, ..., ei.
We consider the task boundary between two consecutive queries
correct if the two queries indeed belong to two different tasks and
there is no more than 1 task switch on the other events between the
two queries. This way we avoid over-counting failures to detect
task boundaries.
Figure Fig. 2a and Fig. 2b show the effectiveness of thresholds
on time-out between queries, compared against query-based and
event-based ground truth, respectively. In terms of precision (obvi-
ously, the two setups should have the same precision), we see that
our data generally agrees with what was reported in [16]. That is,
as the threshold varies, the maximum precision can be achieved is
in the range of 70% to 80%; and above certain threshold values e.g.
30 mins, there is no obvious change. While Jones and Klinkner
[16] did not report recall, we see from Fig. 2a that reasonable re-
call values can be achieved; further, at a threshold of 5 minutes a
maximum F1 score can be achieved at 0.59 (cf.0.65 [16]). The op-
timal threshold, as we have seen, differs from study to study (e.g.
26 minutes by [24] and 13 minutes by [16]). This can be both a
result of differences in the logs (e.g. differences in how people use
a particular search engine), as well as an artefact of how these stud-
ies pre-process the log—for instance in [24] annotators discarded
queries that they considered as meaningless. Nevertheless, across
all these studies, including ours, the achievable accuracy of time-
out based task boundary identification is in a similar range.
On the other hand, from Fig. 2b we see that when comparing
the query-based physical sessions to the event-based ground truth,
recall significantly drops to the range below 0.02. That is, there is
a majority of task switches happening in between queries that are
missed out if we only look at queries to identify task switches.
Having observed that many task switches happen with user ac-
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id event type % M
1 form submit 94.3
2 for/backward 91.9
3 link click 90.0
4 pagination 100
5 query 75.7
6 tab close 51.6
7 tab new 66.7
8 tab switch 57.3
9 go to url 37.3
Figure 3: Percentage of an event type being the head or tail of a
logical session. Legend on the right side also lists the percentage
of an event type being neither heads or tail (% M).
tivities other than querying, we further look into what other events
may signify task switches. To this end, we compute the percentage
that an event type is at the head (the first event), the tail (the last
event), and in the middle of a logical session. Fig. 3 shows the re-
sult. Event types 1–4 allocated in the lower left corner of the plot
are events that rarely occur as the boundary of a logical session (i.e.
switch of task): >90% of the times they occur in the middle of a
logical session. Indeed activities such as link clicks and paginations
are most likely performed during a task. Event types 5–8 (issuing
a query and various tab operations) are, however, more evenly dis-
tributed as being boundary- or non-boundary-events. In particular,
events like issuing a new query (5) and opening a new tab (7) are
more likely to signify a start of a new task than ending a task. In
addition, when users directly go to a page by typing in the URL (9),
it is quite likely to start a new task (about 60%).
5. TASK CHARACTERISTICS AND USER
ACTIVITIES
While user activities can often be directly observed from logs,
task characteristics are usually unavailable to search systems. Lab
studies have therefore focussed on studying the relation between
user activities and tasks designed to have specific characteristics.
However, in labs studies typically a limited number of task char-
acteristics is controlled for and a small set of tasks is employed.
Therefore, we lack a holistic view of how task characteristics re-
late to each other and how these characteristics co-occur within
actual Web user tasks. The naturalistic setup and the explicitly an-
notated task characteristics obtained in our study allow us to gain
insights into the relations between task characteristics as well as to
provide examples of tasks in which these characteristics naturally
occur (Q2). We present our findings below.
5.1 Interactions between task characteristics
5.1.1 Clustered task characteristics
A correlation analysis provides insights in the degree of association
between variables. Here we apply correlation analysis to the task
characteristics of the 135 tasks that users annotated. We measure
the correlation between two task characteristics using Kendall’s τ .
Table 4 presents the correlations between the task characteristics.
To facilitate the discussion, we cluster the characteristics. These
clusters represent groups of task characteristics that often co-occur
with a task. We employ Affinity Propagation [10] as the cluster-
ing method, given that it automatically searches for the appropriate
number of clusters; and the absolute values of the correlation coef-
ficients between two characteristics as the measure of similarity.
Table 5 shows the groups of task characteristics with strong mu-
tual correlations. We observe that each group has a certain “theme”.
Group Member characteristics
1 CL, COM, DIF, TL, SAT
2 COL, KT, KP
3 IMP, STG, UG
4 FQ
Table 5: Clusters of task characteristics.
Group 1 consists of variables relating to task complexity (CL, COM),
difficulty (DIF), expected length (TL), and user satisfaction (SAT).
A set of variables that are often discussed together in studies (e.g., [19]).
Group 2 concerns the knowledge of users (KT, KP), and collab-
orations on tasks (COL). Group 3 features the importance (IMP)
and urgency (UR) aspects of the tasks, and their relation with task
stages (STG). We discuss each group in more detail next.
G1: CL, COM, DIF, TL, SAT. Figure 4a shows the mutual correla-
tion between the G1 variables. We observe that the level of cogni-
tive complexity (CL), user perceived task complexity (COM), task
difficulty (DIF), and expected task length (TL) have a significant
positive correlation with each other. Further, user perceived satis-
faction (SAT) has a significant negative correlation with the above
four variables, indicating that the more difficult/complex/lengthy a
task is, the less likely that the user is satisfied.
Interestingly, the observations here are somewhat contradictory
to those reported by Kelly et al. [19], where users do not perceive a
cognitively complex task more difficult or complex, and that users
were equality happy with their performance across tasks of differ-
ent CL levels. One possible explanation is that while tasks used
in [19] were designed to control for levels of cognitive complexity,
they were not necessarily controlled in terms of difficulty/complexity.
Given the small sample of designed tasks it may not have been pos-
sible to detect variations across levels of difficulty.
G2: COL, KT, KP. We see (Figure 4b) that a user’s knowledge of
a task topic (KT) and task procedure (KP) has a significant positive
correlation—which aligns with our intuition. Further, the level of
task collaboration (COL) has a negative correlation with both KT
and KP, i.e., the more collaboration is involved in a task, the less
knowledge the user has about the topic or the procedure of the task.
G3: IMP, STG, UR. In Figure 4c we observe that user perceived
task urgency (UR) has a significant positive correlation with user
perceived task importance (IMP), as well as the task stage (STG).
That is, the more important a task is, or the more advanced stage
the task is at, the more urgent the user feels about the task.
5.1.2 Between group correlations
We now continue to examine the correlations between variables
from different clusters, as illustrated in Figure 5.
G1 - G2. From Figure 5a we see that both user knowledge of task
topic (KT) and procedure (KP) have a significant negative corre-
lation with perceived task complexity (COM), difficulty (DIF), ex-
pected task length (TL), and level of cognitive complexity (CL); but
a significant positive correlation with their task satisfaction (SAT).
These correlations feel intuitively right: the more users knows about
the task (KT, KP), the less they perceive the task as difficulty/complex,
and the more they are likely to be satisfied with the task.
Further, there is a significant positive correlation between task
collaboration (COL) and perceived task difficult (DIF), complexity
(COM), and length (TL), i.e., the more collaboration is involved in
a task, the more likely that the task is perceived as complex/difficult.
G1 - G3. Between G1 and G3 (shown in Figure 5b), we observe
that task stage (STG) has a significant negative correlation with all
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CL COL COM DIF FQ IMP KP KT SAT STG TL UR
CL -- 0.01 0.43∗∗ 0.49∗∗ -0.07 0.30∗∗ -0.21∗∗ -0.18∗∗ -0.26∗∗ -0.19∗∗ 0.47∗∗ 0.10
COL 0.01 -- 0.23∗∗ 0.14∗ -0.08 -0.13∗ -0.29∗∗ -0.12∗ -0.07 -0.14∗ 0.20∗∗ -0.10
COM 0.43∗∗ 0.23∗∗ -- 0.69∗∗ -0.07 0.37∗∗ -0.35∗∗ -0.25∗∗ -0.34∗∗ -0.15∗ 0.40∗∗ 0.24∗∗
DIF 0.49∗∗ 0.14∗ 0.69∗∗ -- -0.10 0.28∗∗ -0.37∗∗ -0.24∗∗ -0.35∗∗ -0.19∗∗ 0.46∗∗ 0.14∗
FQ -0.07 -0.08 -0.07 -0.10 -- 0.12∗ 0.19∗∗ 0.24∗∗ 0.18∗∗ 0.05 -0.05 0.01
IMP 0.30∗∗ -0.13∗ 0.37∗∗ 0.28∗∗ 0.12∗ -- -0.08 0.03 0.00 0.04 0.11 0.47∗∗
KP -0.21∗∗ -0.29∗∗ -0.35∗∗ -0.37∗∗ 0.19∗∗ -0.08 -- 0.45∗∗ 0.33∗∗ 0.13∗ -0.23∗∗ -0.09
KT -0.18∗∗ -0.12∗ -0.25∗∗ -0.24∗∗ 0.24∗∗ 0.03 0.45∗∗ -- 0.34∗∗ 0.09 -0.22∗∗ -0.00
SAT -0.26∗∗ -0.07 -0.34∗∗ -0.35∗∗ 0.18∗∗ 0.00 0.33∗∗ 0.34∗∗ -- 0.21∗∗ -0.20∗∗ 0.06
STG -0.19∗∗ -0.14∗ -0.15∗ -0.19∗∗ 0.05 0.04 0.13∗ 0.09 0.21∗∗ -- -0.44∗∗ 0.21∗∗
TL 0.47∗∗ 0.20∗∗ 0.40∗∗ 0.46∗∗ -0.05 0.11 -0.23∗∗ -0.22∗∗ -0.20∗∗ -0.44∗∗ -- -0.00
UR 0.10 -0.10 0.24∗∗ 0.14∗ 0.01 0.47∗∗ -0.09 -0.00 0.06 0.21∗∗ -0.00 --
Table 4: Correlation (Kendall’s τ ) between task characteristics. *: p-value < 0.05; **: p-value < 0.01.
(a) G1: CL, COM, DIF, TL, SAT (b) G2: COL, KT, KP (c) G3: IMP, STG, UG
Figure 4: Illustration of the mutual correlation between the variables within a cluster. Solid edges indicate a significant positive correlation
(p < 0.05); dashed edges indicate a significant negative correlation. The width of edges are proportional to the correlation coefficient τ .
(a) G1 - G2; dark nodes are from Group 2 (b) G1 - G3; dark nodes are from Group 3 (c) G2 - G3: dark nodes are from Group 3
Figure 5: Illustration of the mutual correlation between the variables from two cluster. Solid edges indicate a significant positive correlation
(p < 0.05); dashed edges indicate a significant negative correlation. The width of edges are proportional to the correlation coefficient τ .
the difficulty/complex variables (CL, COM, DIF, TL), but a signif-
icant positive correlation with task satisfaction (SAT). That is, the
more advanced stage the user is at a task, the more likely he/she
is satisfied with the task, and the less he/she find the task com-
plex/difficult.
Both task urgency (UR) and importance (IMP) have a significant
positive correlation with the perceived task complexity (COM) and
difficulty (DIF). In addition, IMP is also positively correlated with
the level of cognitive complexity (CL) which means that the higher
the level of cognitive complexity of a task is, the more likely users
perceive it as important.
G2 - G3. Figure 5c shows the correlation between variables from
group 2 and 3. We see that task stage (STG) has a significant posi-
tive correlation with users’ knowledge of task procedure (KP)—the
more advanced the stage the user is at in a task, the more likely that
the user has knowledge of the task procedure.
Task collaboration (COL) has a negative correlation with both
task importance (IMP) and task stage (STG). While one can imag-
ine that the more collaboration is involved, the less importance the
individual user may feel towards the task, the correlation between
STG and COL is rather surprising. It suggests that less collabora-
tion is involved at advanced stages of a task.
G4 - G1, G2, G3. Finally, we also observe (Table 4, column 5)
that there is a positive correlation between task frequency (FQ)
from group 4, and task importance (IMP), users’ knowledge (KT
and KP), and task satisfaction (SAT). That is, frequently performed
tasks tend to be important, and users are more likely to have more
knowledge about the task and to be satisfied.
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5.2 Task characteristics in naturalistic user tasks:
a case with cognitive complexity
To study user behaviour in context of certain types of tasks, in
lab studies users are typically given one or more tasks which are
designed with the desired characteristics. However, the design pro-
cess is far from trivial. For instance Kelly et al. [19] proposed a
framework to design search tasks of different levels of cognitive
complexity and reported observations of user behaviours and per-
ceptions in relation to the resulting tasks. We add to this framework
with concrete examples of tasks that, from a user’s personal percep-
tion, fall into one of the six categories of cognitive complexity.
Task anonymisation and abstraction. Since many of the user
tasks share the same topic, e.g. look for jobs, we aggregated these
tasks into a single topic. To avoid over-interpreting users’ intent
and activities, we perform the abstraction only for obvious cases,
e.g. when the topic or its synonyms were mentioned in the task
description. We then show tasks within popular topics distributed
over different cognitive complexity levels, and the typical topics
at each level. We anonymised the task examples by masking the
identifiable information in the task description with “X”.
Discussion. We list the top 8 most frequent topics (shared by at
least 5 tasks) and their cognitive complexity levels, and one exam-
ple task for each topic and cognitive complexity level (Table 6).
We see that each of the popular task topics spans over multiple
cognitive complexity levels. In particular, tasks related to travel
planning and job hunting almost cover all levels. This suggests
that when people describe their tasks, although sometimes it seems
that they are doing the same thing, the actual intention and activ-
ities involved can be very different. Indeed, a close check on the
logged queries of “travel planning/booking” tasks reveals that in
some cases users explored different touristic options, and in other
cases users were just checking some facts such as currency rates.
The diversity of cognitive levels within a task topic certainly con-
tributes to the difficulty of categorisation of tasks by external anno-
tators, cf. [26]. We also considered to abstract the tasks using a
taxonomy of Web activities, e.g., the taxonomy defined by Russell
et al. [26] or the approach by Dumais [8] which uses a verb and
topic to describe a task. The main problem we encountered is that
it is almost unavoidable that we need to guess the intent of the user
with these taxonomies, as shown in the above “travel planning” ex-
ample. In fact, this observation is also reflected in Dumais [8]’s
taxonomy, where tasks such as “plan travel” are mapped to both
“Explore/Learn” and “Locate/Acquire” categories of Russell et al.
[26]’s taxonomy and to “informational” and “transactional” cate-
gories in Broder [3]’s taxonomy. In addition, users may have mixed
activities of multiple categories. For example a user was writing a
report, and her log shows that she was both searching information
related to the research topic (Explore/Learn [26]), and looking up
latex commands (find-simple [26]).
Further, we see that different cognitive complexity levels are not
evenly distributed across task topics. This suggests that some task
topics are more likely to involve certain levels of cognitive com-
plexity than others. For example, tasks related to writing, doing
projects, programming and research tend to involve higher levels
of cognitive complexity—which makes sense. Meanwhile tasks
such as travel planning and shopping can be both low (as a simple
booking/purchasing action) and high (by comparing, evaluating,
and analysing different options). Sometimes a task and the asso-
ciated cognitive complexity are surprising. For example, one user
annotated watching online videos as “analyse” for the task “binge
watching”—it seems that he/she was carefully researching a num-
ber of TV series before deciding to watch them.
6. DISCUSSION AND CONCLUSIONS
We conducted a diary style field study focusing on the tasks
user engage in while searching and browsing online. We examined
statistics of users’ task activities in their search logs, correlations
between task characteristics, and task characteristics of naturalis-
tic user tasks. Here, we conclude our study by summarising and
discussing the implications of our observations.
User tasks in search logs. We started this analysis with a compari-
son of the concepts used to describe task search sessions defined in
three closely related studies that all aimed to identify task sessions
from query logs (Section 4). We find that search sessions can be de-
scribed at three levels: physical, logical, and task. However, each
study we examined has a slightly different definition of these con-
cepts, which makes a direct comparison of the observations made
from these studies difficult. We hope that our review of these con-
cepts will provide guidance for future work on task identification.
We continued with an empirical comparison of the statistics ob-
tained from our self-annotated search log to that reported from
these studies (RQ1). The main messages can be summarised as
follows. (i) We have observed 41% zero-query tasks and 82%
zero-query logical sessions, which implies that a large number of
user task activities remain unobserved if we only focus on search
queries. (ii) When restricting the analysis to only the queries in
our log, we observed a higher number of queries and timespan per
task compared to those reported in previous studies. This could be
both an artefact of the differences in the log samples of different
studies, as well as the way the logs were annotated (e.g. self vs ex-
ternal annotators). However, since the three studies we compared
reported statistics in different measures (e.g. mean vs. median)
and at different session levels, it is hard to verify if there were con-
sistent results. However, our results suggest that tasks can require
more queries and take longer than previously thought. (iii) Finally,
we find that the canonical time-out for physical sessions is reason-
ably accurate in detecting task boundaries between queries within
user defined tasks. However, in order to capture task switches in-
between queries, activities other than queries need to be considered.
Task characteristics and user activities. Previous lab studies have
investigated task characteristics with tasks specifically designed to
address a single or a limited set of task dimensions. With designed
tasks, however, it is difficult to investigate how different dimensions
interact and how these occur in the daily information tasks. With
the logs obtained in out naturalistic setup and explicitly annotated
with task characteristics, we were able to perform an exploratory
analysis and provide a comprehensive view of how task character-
istics interact with each other and how they relate to user online
activities (RQ2).
We identified groups of task characteristics that have strong mu-
tual correlation. This has implications for task designs for lab
studies. For instance, task collaboration is seen related to com-
plex/difficult tasks, implying that studies of complex/difficult tasks
may need to consider collaboration as an additional variable.
We further illustrated that tasks that share similar descriptions
can vary greatly in their characteristics (cognitive complexity as an
example). This supports the observation that it is very difficult for
external annotators to classify user tasks or activities with a tax-
onomy [26]. This also has implications for studies that aimed at
identifying user tasks from search logs in order to support their
tasks. For example, we need to know not only what task the user
is engaged with, but also what status the task is in, e.g., in terms of
complexity and difficulty for the user, which would require differ-
ent types of support.
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Topics Remember Understand Apply Analyse Evaluate Create Tot
Shopping 10 (56%) – 2 (11%) 3 (17%) 3 (17%) – 18
“Amazon-Heater” – “sort out X lights” “Baby products” “buy contact lenses” – (13%)
Writing 1 (9%) – 2 (18%) – 4 (36%) 4(36%) 11
“compile X paper – “Complete X tutorial – “X Essay” “X paper” (8%)
Travel 3 (30%) 1 (10%) 1 (10%) 1 (10%) 2 (20%) 2 (20%) 10
“weekend travel” “X trip” “Book trip to X” “Flight home” “book tickets for X ” “Plan trip for X” (7%)
Job 1 (14%) – 1 (14%) 1 (14%) 3 (43%) 1 (14%) 7
“Look for jobs” – “Tutor jobs” “Internship applications” “job hunt” “Finding job” (5%)
Project – 1 (17%) 2 (33%) 1 (17%) 2 (33%) – 6
– “Project management “ X project” “X proj” “research project-X – (4%)
Research – – 3 (50%) 1 (17%) 1 (17%) 1 (17%) 6
– – “Research” “...research for X” “X research” “X study” (4%)
Program- – 1 (20%) – 3 (60%) 1 (20%) – 5
ming – “test X interface” – “port X to java” “...interface for X” – (3%)
Watch X 2 (40%) – – 3 (60%) – – 5
“Youtube/streaming” – – “Binge watch X” – – (3%)
Other 21 10 17 5 9 5 67
“check location of X” “stock knowledge “Find solutions to X” “learn about X” “buy flat” “study X” (49%)
Total 38 13 28 18 25 13 135
Table 6: Example tasks at each cognitive complexity level. Each cell contains the counts of tasks within a topic at a CL level, and its
percentage w.r.t the total number of tasks at that level. Boldface shows the most frequent CL level assigned to tasks within a topic.
ogy Foundation (STW) under project nr. 13675.
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